Expert knowledge elicitation lies at the core of judgmental forecasting-a domain that relies fully on the power of such knowledge and its integration into forecasting. Using experts in a demand forecasting framework, this work aims to compare the accuracy improvements and forecasting performances of three judgmental integration methods. To do this, a field study was conducted with 31 experts from four companies. The methods compared were the judgmental adjustment, the 50-50 combination, and the divide-and-conquer. Forecaster expertise, the credibility of system forecasts and the need to rectify system forecasts were also assessed, and mechanisms for performing this assessment were considered. When (a) a forecaster's relative expertise was high, (b) the relative credibility of the system forecasts was low, and (c) the system forecasts had a strong need of correction, judgmental adjustment improved the accuracy relative to both the other integration methods and the system forecasts. Experts with higher levels of expertise showed higher adjustment frequencies. Our results suggest that judgmental adjustment promises to be valuable in the long term if adequate conditions of forecaster expertise and the credibility of system forecasts are met.
Introduction
Forecasts are critical inputs to decision-making processes, and experts play a vital role in introducing specialized knowledge that is not captured by statistical models. The issue of effectively integrating the abilities of computers to model historical patterns with the expertise of humans for monitoring and assessing contextual information has been attracting vast amounts of attention, primarily within the domain of judgmental forecasting (Lawrence, Goodwin, O'Connor, & Önkal, 2006) . Volatile business dynamics and issues with access to reliable domain information make it extremely difficult to rely solely on statistical forecasting methods, particularly in situations such as product demand forecasting, when decisions can have large impacts and uncertainty is high (Sanders & Manrodt, 2003) . As a result, expert knowledge needs to be incorporated systematically into the process of demand forecast improvement-a process in which expertise plays a key role in today's competitive business setting.
Expert knowledge elicitation poses a number of challenging questions to researchers and practitioners in the areas of judgmental demand forecasting and a range of other decision-making domains. These include questions as to the way in which the responses elicited may be affected by (i) the choice of elicitation method within a specific context (Bolger & Rowe, 2014 , 2015 Cooke, 1991) ; (ii) the selection and number of experts (Aspinall, 2010); (iii) experts' personal attributes (Budnitz et al., 1997; Morgan, 2014) ; and (iv) the presentation of relevant information in order to overcome biases (Martin et al., 2012; Morgan, 2014) . The judgmental forecasting context offers a good platform from which to study such issues, given the apparently conflicting research findings on the contribution of expertise (Lawrence et al., 2006) .
In particular, a comparison of various techniques (i.e., judgmental integration methods) for integrating systems advice and human judgment is an important step in assessing how demand forecasting processes can be improved, and better use made of the expert knowledge elicited. Comparisons among such methods are quite uncommon, as the extant research has usually focused on each technique separately (Webby & O'Connor, 1996) , leading Goodwin (2002) to call for more direct comparisons. Exploring the performance of judgmental integration methods is important both for the efficient design of forecast support systems (FSS) and for gaining an understanding of the conditions required for the effective elicitation and use of expert knowledge, in order to improve the functioning of these systems. For instance, the credibility of FSS-generated forecasts might affect expert forecasters' behaviors, while frequently ignoring system advice may lead to poor performances for judgmental forecasting (Alvarado-Valencia & Barrero, 2014; Goodwin & Fildes, 1999) . Also, the timing of expert intervention may be of critical importance, since not all judgmental adjustments contribute equally to the accuracy (Trapero, Pedregal, Fildes, & Kourentzes, 2013) . That is, expert adjustments to FSS forecasts may not always be advantageous, and the particular benefits may be a function of when and how the expert judgment is integrated into the forecasting process.
Focusing on these issues, this paper reports a field experiment that systematically compares three methods for the integration of expert judgment with systemgenerated forecasts. In addition, formal mechanisms for assessing the relative expertise of forecasters and the relative credibility of system forecasts are evaluated in companies under real settings. Finally, instances in which corrections are needed (i.e., when system forecasts are less accurate and there is room for improvement) are compared with instances in which corrections are not needed (i.e., when adjustments have a greater potential to lead to a deterioration in the accuracy of the system-generated predictions because there is little room for improvement).
Literature review and research hypotheses

Comparison of integration methods
Judgmental integration methods are pervasive, particularly in supply chains, where large numbers of demand forecasts must be performed in order to minimize inventory costs and achieve better service levels (Syntetos, Boylan, & Disney, 2009 ). Companies' operations can often benefit from the integration of computer-based forecasting methods with the wider organizational context, in which judgment plays an important role (Fildes, Nikolopoulos, Crone, & Syntetos, 2008) .
A typical approach to judgmental integration is to first set an automatic baseline (produced by a system using statistical forecast procedures based on historic data), then judgmentally modify these initial forecasts to incorporate contextual knowledge, a process that is referred to as judgmental adjustment (Fildes, Goodwin, Lawrence, & Nikolopoulos, 2009 ). In judgmental adjustment, the forecaster is usually given the historical time series (in a table, a graph or both) and the system forecast, and is asked to produce a final forecast.
Judgmental adjustment may improve the accuracy, particularly when the expert judgment incorporates information about special events and contextual knowledge into unstable series (Fildes et al., 2009; Goodwin, 2002; Webby & O'Connor, 1996) . However, such adjustments may be influenced by several biases, including overconfidence in the expert's own judgment (Friedman et al., 2001; Lawrence et al., 2006; Lim & O'Connor, 1996; Sanders, 1997) ; anchoring and adjustment (i.e., anchoring the forecast to a single cue like the last point or the system forecast, and then making insufficient adjustments to this cue; see Epley & Gilovich, 2006; Fildes et al., 2009; Goodwin, 2005; Lawrence & O'Connor, 1995) ; and a predisposition to adjust (forecasters making many small harmful adjustments to the system forecasts without any specific reason, leading to a deterioration in accuracy; see Fildes et al., 2009; Lawrence et al., 2006; Önkal, Gönül, & Lawrence, 2008; Sanders & Manrodt, 1994) . Usually, large and negative adjustments tend to perform better because they show less bias than positive adjustments (Fildes et al., 2009) .
Several other integration methods have also been proposed in the literature as alternatives to judgmental adjustment. The basic combination method consists of a simple mathematical aggregation of the human and system forecasts. This combination is typically a simple average (hereafter called 50-50 combination) that has been shown to be robust in several contexts (Blattberg & Hoch, 1990; Franses & Legerstee, 2011) . In this method, the forecaster is usually given the historical time series of the product (in a table, a graph or both) and asked to produce a final forecast. Typically, the forecaster does not know that his/her forecast is going to be combined with a system forecast. Combination has been shown to perform well when the inputs are based on independent information sets (Goodwin, 2000 (Goodwin, , 2002 , but the same cognitive biases that are present in judgmental adjustment may also appear.
Finally, the divide-and-conquer method is based on the notion that the system forecast is already based on historical information, and therefore, forecasters should avoid re-assessing the historical information because this would lead to an inefficient overweighting of past data. The divide-and-conquer method restricts/prevents human access to this previously computer-modeled information (i.e., the forecaster is not given either the time series or the system forecast, but is told how the system forecast is generated), and simply asks the forecaster whether s/he would like to modify the system forecast (in light of additional information possessed by the forecaster), and if so, by how much.
